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Efficient gating and target region attention based real-time video
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Abstract: Facing complex video scenes with large motion amplitude, real-time video super-resolution
algorithms are difficult to reconstruct texture details and occluded regions, based on generative adversarial
network, a real-time video super—resolution method based on efficient gating and target region attention is
proposed. The method firstly uses an efficient gating reconstruction network as a generative network to
maintain high efficiency while adaptively selecting complex region information through a simplified gating

mechanism to enhance the reconstruction results. Further, the method proposes a target region attention
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discriminative network to provide multiscale and spatio—temporal information feedback for the generative

network, and acquires multiscale information of the complex video through the multiscale mechanism and

Rel.U linear attention; through the significant spatio—temporal discriminative module, it restricts the

discriminative network to focus on the complex regions, and better acquires the spatio—temporal

information of the complex regions. The experimental results show that the proposed method exhibits

significant superiority over other SOTA algorithms, the model efficiency achieves an inference delay of

13.36 ms and a real-time score of 65.806, which indicates the efficient real-time performance of the model.

Key words: video super—resolution; real-time; generative adversarial network; gating mechanisms; target

region attention
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Fig. 1 Illustration of the overall framework of generative network
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Fig. 5 Visual comparisons on REDS4 testing set for 4x upscaling(Zoom in to see better visualization)
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Fig. 6 Visual comparisons on Vid4 testing set for 4x upscaling(Zoom in to see better visualization)
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Fig.7 Visual comparisons on UDM10 testing set for 4x upscaling(Zoom in to see better visualization)
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EGTRA # Lt T % Ho A58 8 75 2250 /0 i FLOPs, i,
SR STDO (1) FLOPs #5220, i T X5 B4 1 i 25 14
G DR B 1Y 52 2% X 2% 25 ) 5 BURE A 2 0 % A B S
R R
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Table 2 Quantitative comparison of different methods on three VSR testing sets
- REDS4 Vid4 UDM10
PSNR/dB4  SSIM+*  LPIPSy PSNR/dB* SSIM*  LPIPSy PSNR/dBA SSIM4A  LPIPSY
VESPCN 22.29 0.594 4 0.334 2 19.70 0.500 2 0.574 7 26.22 0.791 6 0.143 6
SOFVSR 24.31 0.660 2 0.317 2 21.07 0.530 3 0.356 8 27.63 0.816 9 0.1311
TecoGAN 22.99 0.630 3 0.2916 24.81 0.770 7 0.200 9 31.97 0.900 9 0.088 8
FRVSR 24.43 0.684 9 0.3338 25.55 0.798 5 0.280 5 33.95 0.9256 0.099 5
EGVSR 29.75 0.838 2 0.109 0 25.83 0.796 3 0.137 6 36.96 0.9411 0.067 6
STDO 29.34 0.844 1 0.189 8 26.30 0.790 2 0.267 6 38.23 0.958 9 0.084 0
SSL 29.81 0.8356 0.2237 26.61 0.819 6 0.245 3 38.26 0.957 2 0.079 6
EGTRA 29.89 0.8399 0.085 1 26.75 0.822 0 0.134 8 38.69 0.966 1 0.050 3
* 3 FEREDS4TIX&E LB MR LIL R
Table 3 Comparison of model efficiency on the REDS4 testing set
07 i EE 2 FLOPs LR /ms S I 4 2R REDS411:4y REDS4 PSNR
VESPCN 0.879M 96.56G 20.62 NG 0.001 22.29
SOFVSR 1.640M 226.12G 75.13 X 0.001 24.31
TecoGAN 2.589M 190.81G 32.10 N 0.001 22.99
FRVSR 2.589M 190.81G 32.09 N 0.014 24.43
EGVSR 2.681M 102.89G 14.25 N/ 50.812 29.75
STDO 4.843M 2.76G 35.71 NG 11.485 29.34
SSL 0.589M 63.9G 18.25 N 43.117 29.81
EGTRA 2.177T™M 60.69G 13.36 NG 65.806 29.89

gk PR, S5 X A RLA EE EGTRA HA )
IR A4 #E 3AE 3R | 7 o T 7 LA B R
T4 1. [, EGTRA 78 REDS4 3K 4 | 345
B R AS 4y, R B T 65. 806, HLHEA B
EGVSR & th 14. 994, 47 & UFE W] T i 455 B A 52 i

ISE R R R T A T i
2.4 HRRSCIG AT

Sk 56 I AR SC T B A B AT A L B SE VT AN
SCA 5 e /) A &M, Bl 5 7 il RRB A3 801 .
I Ah 22 RO 2 EGRN  RLA K SSTDM ##
M1 A R0 SR AT 4 T T S

S B IE SCA BEH 1 A &t JE AT T Rl 52 5,
HE5 R NFE 4R, SCA-0 %R A fH ] SCA #iH
ML SCA-w Fon fili 1 SCA B iy #EL , mf 1)

FE il B R SCABIHLG BRI 240 (FLOPs  #E: #
FER JLFARAE, 5K SCA BRIt | 58 4%
R AE REDS4  Vid4 . UDM10 M3 4 | ) PSNR
PERE 3 BI42 TH0.12.0.07.0. 29 dB, 45 B £ 8,
2% % B AT 3 L 2 A A I FLOPs Fil 2 2005 31 2l
3 T A6 45 BRI T SCA BEH B A R0k

BEXT RRB LG A7 240t A SCIR E 47 fil 5
¥ ,RRB-o0 /8 Al i RRB (Al , RRB-w /R
fi JH RRB Ry AL, H A5 B e 5 e, T LA WL %€
B, 58 BB A CR 5 R M BE Y [ B, B S
FLOPs  #fE # 4E 3R 45 24 45 b 19 81 W 35 B R,
e BEAE R TR T 20% , i — 22T T EGTRA
SOE(SLETEN

W 6 Fr s, A SO H R XG5 501 1) 2%
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() 2 OB S 6 UE AT 1 Al E A, Modell R BBk T
3X 35 5X5 AL model 2 & R A H {3
B 3X 3 % ,model 3 F/n AL LR B 55
model 4 F AP A A S B AR 45 AT
TEBA BB LR, Model 178 4 £ | 4 45
P #1021 1, 2 A A AR e = X H B X 4R A
PEHCRE 1o MIELZ T, [ i 4 A PR 2% S I 110 5 AR
Model 4 7] DA %04 B AR 2 RO {5 B R K I £
ROEAH B o PSNRAE 343K 4 4 5 $& 74 0. 3.
0.21.0.21dB,LPIPS 235l #£ 7+ 2. 25% . 1. 00% .
2.92%, ¥t — U T RLA Ay & 29 1t 41,
Model 2 5 Model 3 %) 45 Tl € 1= 8 #5 248 F Mod-
ell, UF B 4% 32 I i A 3k o

MR T PR A SO 45 A B A 5501 k17

T4 il S5, SSTDM-0 #6718 B 8 il /> SSTDM,,
RLA-0 F/RBI B/ RLA , EGRN-0 2 71 15 1 fi
/> EGRN, Model BI 5 EGTRA. Model 5
EGRN-o M [t , 7E 33X 4 I 1) PSNR 43 5] #2
J+0.48.0.46.0.49 dB, SSIM 43 %142 7+ 0. 91% .
0.78% .0.56% , i W EGRN #5 B G % i 21> i} [i]
REREW R W, P T E # A, Mod-
el 5 RLA-o Mt , 76 3K 4E [ Y LPIPS 43 51l $2
T+1.95%.1.00% .2.92% , % W RLA 5 He a] L)
i F R TR M. Model 5 SSTDM-o # 1t ,
UL SSTDM X 2 F5 bR & A7 $2 T 1 3 10 P B Y
#5 #% W ,EGRN . RLA 1 SSTDM 4 41 & GE % 7F
ZA e bR LR T VSR AR . T flSE 5 8 uE
TR BRI AN [ 52 e A 7 e A R .

F4 =4 VSRMIK & F SCA RN A IERIE
Table 4 Validation of SCA module on three VSR testing sets
. f5i Y i B 4E REDS4 UDMI10 Vid4
ok ZH o B/ms PSNR/dB#* SSIMA LPIPSy PSNR/dB4 SSIM#* LPIPSy PSNR/dBA SSIM+* LPIPS vy
SCA-o 2.175M 60.69G  13.32 29.77 0.8350 0.0853 26.68 0.8184 0.1351 38.40 0.9635 0.0517
SCA-w 2.177M 60.69G  13.36 29.89 0.8399 0.0851 26.75 0.8220 0.1348 38.69 0.9661 0.050 3
F5 =4 VSRilliX£& £ RRB#ERIF I IE
Table 5 Validation of RRB module on three VSR testing sets
o I 79 4E REDS4 UDM10 Vid4
RS FLOPs
28 R/ms PSNR/dBA SSIM 4 LPIPS | PSNR/dB A SSIM A LPIPSy PSNR/dBA SSIM4 LPIPSy
RRB-o 2.861M 102.89G 16.68 29.94 0.8412 0.0850 26.78 0.8245 0.1348 38.76 0.9664 0.050 3
RRB-w 2.177M  60.69G 13.36 29.89 0.8399 0.0851 26.75 0.8220 0.1348 38.69 0.966 1 0.050 3
®6 =N VSRMXEFZREIEHEHERIE
Table 6 Validation of multiscale branches on three VSR testing sets
. 3X3 5X5 REDS4 UDM10 Vid4
Sk ¢ % PSNR/ABA  SSIMA  LPIPSy PSNR/dBA SSIM4 LPIPSy PSNR/dB4* SSIM4  LPIPSy
Model 1 29.59 0.832 2 0.107 6 26.54 0.816 2 0.144 8 38.48 0.962 3 0.079 5
Model 2~/ 29.68 0.834 1 0.0950 26.61 0.816 3 0.142 9 38.54 0.963 3 0.058 3
Model 3 N 29.64 0.834 8 0.097 4 26.66 0.818 9 0.138 0 38.56 0.963 8 0.069 2
Model 4~/ N 29.89 0.8399 0.0851 26.75 0.822 0 0.134 8 38.69 0.966 1 0.050 3
#®7 =4 VSRAUlIXE E EGTRA &R H M1 IE
Table 7 Validation of EGTRA modules on three VSR testing sets
REDS4 UDMI10 Vid4
5k EGRN RLA SSTDM PSNR/ PSNR/ PSNR/
B A SSIM 4 LPIPS v B A SSIM 4 LPIPS ¥ B A SSIM 4 LPIPS y
SSTDM—o N N 29.86 0.8381 0.089 3 26.71 0.8198 0.1439 38.59 0.9649  0.0640
RLA—o N N 29.59 0.8322 0.107 6 26.54 0.816 2 0.144 8 38.48 0.9641 0.079 5
EGRN—o N N 29.41 0.8308  0.0852 26.29 0.8142 0.1351 38.20 0.9605  0.050 8
Model N N N 29.89 0.8399  0.0851 26.75 0.8220 0.1348 38.69 0.9661  0.050 3
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